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1. Introduction

The demand for computational resources has grown substantially in recent years with the growth of deep
learning applications in various industries, such as healthcare, finance, autonomous systems, and language
modeling. Training large-scale machine learning models is time- and resource-intensive, particularly in cloud
systems where computer time is billable. Consequently, cost-effectiveness has become an important factor when
determining the viability and scalability of machine learning initiatives. It is important for university researchers,
startups, and small organizations with limited resources to minimize training expenses without sacrificing model
accuracy. Distributing the workload across multiple compute instances, distributed training has emerged as an
effective approach to accelerating the training process. It accommodates complex model structures, allows for the
utilization of large datasets, and supports faster convergence.

Nevertheless, synchronization latency, communication latency, and increased infrastructure costs are some of
the new challenges associated with running distributed systems. Through automated process steps such as feature
engineering, model selection, and hyperparameter tuning, Auto ML (Automated Machine Learning) has also made
machine learning more accessible. We can develop high-performing models faster and with minimal human touch
by combining Auto ML with distributed training. Spot instances from Amazon Web Services (AWS) offer a
compelling solution to the financial challenge. Spot instances are spare EC2 capacity that can be bought up to 90%
lower than on-demand prices. They have the disadvantage, however, of being able to be terminated suddenly, and
to halt such requires robust engineering to ensure fault tolerance. Spot Instances are an attractive option for
distributed training workloads that are resilient to interruptions due to checkpointing, redundancy, and smart
orchestration, despite this volatility and the enormous cost savings that may be achieved.

For attaining high-cost effectiveness and low efficiency, in this paper we explain an end-to-end system that
integrates distributed Auto ML training and AWS Spot Instances. (1) We introduce a fault-tolerant system design
leveraging Spot Instances for distributed training; (2) we embed Auto ML workflows within a scalable AWS
infrastructure; (3) we introduce comprehensive cost-performance comparisons of Spot-based vs. On-Demand-
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based training; and (4) we introduce guidelines for overcoming the challenges inherent in preemptible compute
environments in machine learning workflows. We show how to perform distributed training using Spot Instances
in a fault-tolerant system architecture. We describe how to integrate Auto ML workflows into a scalable AWS
infrastructure. We provide detailed cost-performance comparisons of Spot-based and On-Demand-based training.
And we provide tips on how to deal with the problems that come up when using preemptible compute
environments in machine learning workflows.

2. Background and Related Work

A. A Synopsis of Distributed Machine Learning

Distributed machine learning is the process of training a machine learning model, which, at any given
moment, involves more than one computer or device. The most common reason people use distributed machine
learning is to try to speed up the process and enable the ability to work with models or datasets that are too big to
fit into the memory of a single machine. Model parallelism and data parallelism are two major techniques for DML.
When data is parallelized, the dataset is split in pieces, and each node trains the same model on a different part of
the dataset. With model parallelism, the nodes work on different parts of the model. Many tools are making it
much easier to train models in different locations. Some of these include Horovod, TensorFlow's Multi Worker
Mirrored Strategy, and PyTorch Distributed Data Parallel (DDP). You still need to know how to manage, sync, and
fix problems if you want to control these systems.

B. Frameworks for Auto ML

Auto ML platforms relieve the painful and, often, lengthy work of machine learning model building,
including choosing algorithms, training models, feature selections, and minor hyperparameter tuning. The best
options for auto ML are Google Cloud Auto ML, AWS SageMaker Autopilot, and Auto Gluon. Normally, setting
up and training models on the auto ML platforms requires minimal support from other people; thus, it is easy to
set up even by non-experts. Because of this, everybody should want to learn about machine learning. For example,
you can link Auto Gluon with your own pipelines, and it can operate with text, pictures, and data tables.
SageMaker Autopilot can be used in distributed environments and has all the Auto ML functionality on AWS.
Auto ML does not require collaboration among people, even though preparing the model that it will build may be
costly. This emphasizes again the importance of inexpensive infrastructure.

C. AWS Spot Instances: Advantages and Drawbacks

AWS Spot Instances are cheaper than On-Demand EC2 instances. The more EC2 space you buy, the larger
your savings will be. This is great news for training models, which require a lot of processing power. One big
problem with Spot Instances is that you have only two minutes' notice should the instance be canceled. Apps need
to be able to deal with mistakes because of this lack of certainty. For example, they need to know how to do task
preemption, run across different instance types or availability zones, and back up data on a regular basis. AWS has
tools that may help, such as Spot Fleet, EC2 Auto Scaling with diverse instances, and Instance Interruption Notices.
You should use Spot Instances for distributed training when it's easy to pick up where you left off or fix problems.

D. Related Research on Cloud-Based ML Training Cost Optimization

Several recent studies and business cases investigated how to save money when doing machine learning in
the cloud. Some works investigated the use of dynamic resource allocation and elastic scaling to increase the
accuracy of models and speed up calculations. Some researchers figured out how to train models tolerant of
mistakes and capable of working with unreliable computing resources, like Google Cloud Preemptible virtual
machines, or AWS Spot Instances. Some of the most recent ideas are schedulers using reinforcement learning in
order to find the optimal strategies to choose instances that will save money. However, some systems cannot
support Auto ML, Spot Instances, and distributed training all together, which made them incompatible to work
together reliably. Our study fills this gap by making all three components of the same shape.

Page | 35



Publication: Dr. Adrian Keller, Volume 1, Issue 1 (Jan-Mar, 2025), 34-42, IJMLAIDSE.

3. System Architecture

A. The Distributed Training System’s Architecture

It is based on our distributed fault-tolerant training framework, which can be scaled up by easy addition of
more servers. There would be one master node, also called the parameter server, and several worker nodes
running on EC2 Spot Instances. The gradients are then collected by a master node that ensures everything stays in
sync and monitors the training process. All of them report back to the master node when they are done with a
batch of data. The setup for training-whether it be PyTorch DDP or Horovod-takes care of running the processes
simultaneously and their communication. NCCL or gRPC are examples of network protocols and serialization
formats used by the platform without being too space-consuming. Using Amazon FSx or EFS for data transfer
across nodes guarantees consistency at high speed.

B. Combining Distributed Training with AutoML

You can add autoML frameworks to the training loop to select the best model and hyperparameter tuning.
Alternatively, you can have SageMaker Autopilot create the models and pipelines itself. You can then train all of
these on Spot Instances all at once. You can take workloads that are in containers and run them on ECS or
Kubernetes, and use AutoGluon and other AutoML tools with them. You can keep improving candidate models or
retraining as long as you have the time and money. The good news is that you can save money by doing this kind
of training work on Spot Instances. On the other hand, the AutoML controllers keep track of state on stable
instances, such as reserved or on-demand instances.

C. Utilizing AWS Services
The system is made to operate entirely within the AWS environment, utilizing a variety of services:
¢ Training on EC2 uses Spot Instances.
e Model artefacts, logs, raw data are kept in Amazon S3.
e All training nodes can share datasets and checkpoints; these will remain in an Amazon EFS or FSx for as
long as they want to keep them.
e Amazon SageMaker does the AutoML orchestration, and trained models can be stored in it as well.
e Verify that Amazon ECS or Amazon EKS can scale containers and adjust how much work they are doing.
¢ AWS Lambda and CloudWatch monitor, send notifications for events, and reboot failed tasks among other
functions.

D. Designing for Fault-Tolerant Spot Instance Interruptions

This can be dealt with by the architecture in a few ways. First, model checkpointing happens very frequently.
If an instance stops, training can pick up where it left off. You can save these checkpoints straight to S3 or to long-
term, shared storage such as EFS or FSx. Secondly, the practices of spot diversity make instances diverse across
various instance types and availability zones. This reduces the probability of having more than one problem at a
time. Thirdly, AWS CloudWatch and the EC2 metadata APIs provide health checks on instances. If something is
wrong, it'll notify users of that. It keeps this state open and in good condition. We also leverage ECS or Kubernetes
to containerize the training jobs and manage their tracking so that they are easily found and rescheduled. By this
design, the training will be assured to be cheap and reliable no matter how many times it happens.

4. Methodology

A. Used Dataset(s)

The aim of the AutoML pipeline was to facilitate the whole process of machine learning right from data
gathering and cleaning to model selection and tuning its hyperparameters. We had used different frameworks for
different tasks at hand, such as AWS SageMaker Autopilot and AutoGluon. First, one needs to know about the
type of feature it is. Next will be the automatic cleaning of data and imputation of missing values. Then, a set of
model candidates are created and trained, but only for a certain period of time and money. We do hyperparameter
tuning with Bayesian optimisation, including early stopping conditions so as not to waste too much time and
money on worst models. The AutoML pipeline was supposed to automate the entire machine learning process:
from acquiring and cleaning data to selecting a model and tuning its hyperparameters.
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B. How to Set Up an AutoML Pipeline

Next, we applied different frameworks for different jobs, such as AutoGluon and AWS SageMaker Autopilot.
The first thing we do in the pipeline is to find out what kind of features are present, automatically clean the data,
and fill in the gaps. Subsequently, a group of model candidates will be created and trained simultaneously with
strict limits in time and cost. To save time and money on low-quality models, we leveraged Bayesian optimization
with early stopping for hyperparameters. The newest frameworks that train distribution functions are PyTorch
Distributed Data Parallel and Horovod. These can be combined together with automated machine learning
pipelines and AWS infrastructure.

Table 1: Overview of the AutoML Pipeline Setup and Functional Stages

Stage

Process Description

Tools / Frameworks
Used

Key Output / Purpose

Data Acquisition & | Raw data is collected from cloud | AWS S3, SageMaker | Input dataset ready for
Ingestion storage (e.g., AWS S3) or local sources | Data Wrangler cleaning and analysis
and ingested into the AutoML
workflow.
Data Preprocessing | Missing values are imputed, data types | AutoGluon Cleaned and
& Cleaning are inferred, and irrelevant features are | Preprocessor, standardized dataset
removed to ensure model readiness. SageMaker Autopilot
Feature Engineering | Relevant features are automatically | AutoGluon Tabular, | Optimized feature set
& Selection created or selected based on statistical | Feature Store improving model
and model-based evaluations. accuracy
Model Generation | Multiple model candidates (e.g. | AutoGluon, Ensemble of trained
& Training XGBoost, LightGBM, Neural Networks) | SageMaker Autopilot | candidate models
are trained in parallel under resource
constraints.
Hyperparameter Parameters are tuned using Bayesian | AutoGluon HPO, | Optimized
Optimization optimization to identify the best- | Bayesian Optimizer | hyperparameters

performing model efficiently.

improving performance

Model Evaluation & | Candidate models are evaluated based | SageMaker Metrics | Best-performing model
Selection on accuracy, Fl-score, or AUC, and the | Tracker identified

top model is selected.
Model Export & | The finalized model is serialized and | SageMaker Ready-to-use  deployed
Deployment deployed for inference or integrated | Endpoint, AWS | model

into downstream workflows. Lambda
Notes

e Bayesian Optimization helps reduce computational cost by stopping poorly performing model runs early.

o AutoML frameworks like Auto Gluon and SageMaker Autopilot allow seamless scaling across distributed resources
with minimal manual intervention.

o This structure ensures cost-efficiency, reproducibility, and interpretability in automated machine learning systems.

C. Framework for Training

These frameworks make compute nodes communicate with each other easier, especially with NVIDIA's
NCCL backend and GPU acceleration. We chose the right framework for the job. PyTorch DDP was better for
tasks that would require both picture and text models. Horovod was better for jobs that needed using either
TensorFlow or Keras models to perform some high-level orchestrations. Other managed deployments used
Amazon SageMaker Distributed Training, which is very flexible and works seamlessly with the AWS AutoML
services that come out of the box with AWS. We improved the container of training tasks by using asynchronous
data loaders and multi-threading. This prevented I/O bottlenecks when running things on multiple machines. This
approach is all about managing the whole life cycle of AWS Spot Instances to save the most dollars while
remaining reliable.
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D. Management of Spot Instance Lifecycles

Checkpoints were used on the model and the data pipeline. You can pick up where the processes left off
without needing to start all over again with all the data when you use data sharding. Saving model weights in
Amazon S3 or EFS was also very common. We used warm pools-that is, EC2 environments that are already set up-
to increase the speed at which new Spot Instances would start following a recovery. Instance diversity techniques
were also used, making large problems less likely to occur. It meant starting up different instance types, for
example, p3.2xlarge and g4dn.xlarge, in different Availability Zones. All thanks to AWS Spot Fleet and mixed-
instance Auto Scaling Groups; we could obtain the computing power required. They are groups that automatically
replace nodes getting interrupted with already available nodes. We watched a lot and looked at lots of things to see
whether the way we suggested would save money.

E. Measures to Assess Cost Effectiveness

With this in mind, we calculated the cost to train using the total instance hours multiplied by the Spot or On-
Demand rate. We measured the time it took to assemble the model from when the task started. We also checked
the performance of the model, namely the accuracy, in terms of the validation F1-score, and the dollar amount per
accuracy point. Other metrics included the cost of checkpoints, resource utilization frequency, and how many
times resources were taken away. Each person created his or her own dashboard updating in real time to keep
track of such information. From there, all information was placed into one report, which made it easier to make
choices and repeat things. Training infrastructure was set up across multiple locations using IaC tools such as AWS
CloudFormation and Terraform. Changing size was easy, and so was repeating.

Table 2: Key Metrics Used for Cost-Effectiveness Evaluation

Metric Description / Purpose Computation Method / Interpretation
Formula
Total Training | Represents the total cloud | Instance Hours x Pricing | Lower cost indicates higher
Cost (USD) expenditure  during  model | (Spot or On-Demand) cost-efficiency.
training.
Training Time | Measures the total time taken for | End Time — Start Time Shorter training time means
(Hours) training from start to faster model convergence.
convergence.
Model Accuracy | Represents predictive | (Correct Predictions / | Higher accuracy reflects better
(%) performance on validation data. | Total Predictions) x 100 model quality.
Validation F1- | Harmonic mean of precision and | 2 x (Precision x Recall) / | Values closer to 1 indicate
Score recall to assess balanced | (Precision + Recall) robust classification
performance. performance.
Cost per Accuracy | Measures cost efficiency per unit | Total Training Cost /| Lower values mean more
Point (USD) of performance gain. Accuracy cost-effective training.
Checkpoint Evaluates time and resource cost | (Checkpoint Time / Total | Lower = overhead  means
Overhead (%) of checkpoint saving operations. | Training Time) x 100 smoother workflow.

Table 3: Operational Efficiency and Monitoring Indicators

Parameter Description Observation / Example Insight / Purpose
Resource Utilization | Average CPU/GPU usage | Example: 82% Indicates how efficiently cloud
Rate (%) during training. resources are used.
Interruption Number of interruptions | Example: 0.3 Fewer interruptions mean
Frequency (per | experienced with Spot higher reliability.
hour) Instances.

Checkpoint Interval | Time between consecutive | Example:  Every 15 | Balances recovery safety and
(min) checkpoint saves. minutes overhead.

Dashboard Real-time data on cost, time, | Accuracy trend, cost | Enables transparent and
Monitoring Metrics | and performance. trend, utilization graphs | reproducible experimentation.
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Final Cost- | Ratio of model performance | Example: 0.95 accuracy / | Higher ratio reflects better
Performance Ratio to training cost. $12=0.079 cost-effectiveness.
Notes

o Custom AWS dashboards were developed to visualize these indicators in real-time.

e Spot Instances significantly reduced cost without compromising accuracy when combined with AutoML
checkpointing.

o All metrics were normalized for fair comparison across multiple models runs.

5. Implementation Details

A. Implementation and Coordination

We set up the managed services like S3 buckets and SageMaker using CloudFormation templates. Terraform
scripts were used to set up the security groups, IAM roles, network topology, and EC2 instance needs. AWS CLI
and Boto3 SDK were used by the orchestration scripts to manage instances in real time. This means starting or
stopping Spot Instances whenever they were needed. We used Docker to create workloads that could be put in
containers. For easy tasks, we used Amazon ECS, while for more complicated training pipelines needing
scheduling, job queues, and GPU resource utilization, we used Amazon EKS (Kubernetes). One had to observe the
system constantly to be assured it was operating correctly, safely, and healthily.

B. Tools for Monitoring

In addition, we have set up alarms in Amazon CloudWatch, gathered data, and monitored them in real time.
We have created the CloudWatch dashboards that show the utilization of RAM, GPU, and disc for every instance.
We are able to track internal metrics-like learning rates, gradient norms, and data loading bottlenecks-with
Amazon SageMaker Debugger while the model is training. This helps identify performance problems and gives a
nice step-by-step overview in the training process. Events and logs are sent to Amazon OpenSearch Service
(formerly Elasticsearch) so queries and troubleshooting could be done in one place. We have also written our own
scripts, which work with CloudWatch event triggers and EC2 instance metadata and make fixing problems with
Spot Instances easier.

C. Scripts or Custom Callbacks for AutoML and Instance Management

These scripts will automatically trigger the checkpointing processes, instructing the orchestrator when a task
should be restarted after receiving an interruption warning. The callbacks injected into the pipelines by the
AutoML framework in turn allowed these functions to monitor the progress and save partial results. They were
also able to dynamically adjust the resource utilization based on how the tasks were faring. We constructed these
Python scripts using the Boto3 SDK. They run inside containers next to all the tasks as sidecar processes. Costs
were monitored using AWS Cost Explorer APIs and CloudWatch billing alarms. This gave us day-to-day and
hour-by-hour views about costs by resource type and location.

D. Monitoring Performance and Costs

The architecture can address this a few different ways: First and foremost, model checkpointing happens a
lot, whereby training can pick up where it left off if an instance stops. You can save these checkpoints to S3 or to
shared storage that lasts a long time, such as EFS or FSx. Second, spot diversity makes instances in different
availability zones and types of instances look different from each other, meaning that you are less likely to have
more than one problem at any given time. Thirdly, EC2 metadata APIs and AWS CloudWatch ensure that the
instances are healthy; if not, it will notify people. It does all this housekeeping of state. We also use either ECS or
Kubernetes to containerize the training jobs, and then keep track of it so we can easily find and move it. This
design will make the training cheap and reliable, no matter how many times it happens.

6. Experimental Evaluation

A. An Explanation of the Experimental Setup

We used clusters ranging from four to sixteen nodes for training, spaced out depending on how hard it was
to train the model. We ran training jobs on Spot and On-Demand Instances to understand the cost versus efficiency
of each. Then we added EFS to store the datasets in memory. Thus, it became easy to access them. Actually, they
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had been kept in S3. The tests were conducted a lot to ensure that the results would be statistically significant.
Some AutoML work was done using AutoGluon and SageMaker Autopilot. Of course, you can only do these
things if your computer has a certain amount of power, and you have to do them in three to six hours. Some very
valuable lessons learned include understanding how an On-Demand or Spot-based training setting can save a lot.

B. On-Demand and Spot Pricing Model Comparison

These and other On-Demand platforms claim that designs based on spots could save 60% to 85% on costs. It
took a while to go down and had breaks, but a distributed training job that cost $250 on On-Demand EC2 cost less
than $50 on Spot Instances. You still had to think hard about which regions and instances to use because the price
of a spot instance changed based on how many were available. This study shows that it might have been hard to
guess Spot Instances, but learning how to use them can save you a lot of money instead of doing extra work. When
checkpointing and resuming were done right, there was no statistically significant difference in how well models
trained on Spot and On-Demand work. The models had about the same accuracy and loss values, but training
them on Spot Instances took 5-15% longer because they could stop. The cost-time trade-off curve showed that Spot
was the best time to use because it saves a lot of money and doesn't take much longer than training.

C. Trade-Offs Between Model Accuracy, Training Time, And Cost

This would mean that in each training cluster, one or two spot instances would stop working every hour or
so. It would be different, though, depending on the instance type and where it was. Since these breaks happened,
jobs were taking a bit longer later on, but eventually things got better when auto-checkpointing and recovery
systems were put in place on the system.

D. Impact and Mitigation of Spot Instance Interruptions

Checkpoints were placed both in the model and the data pipeline. You don't have to start over with all of the
data when you come back to where the processes left off. People also generally stored model weights in Amazon
S3 or EFS. We used something called a warm pool to speed up the process of starting new Spot Instances after a
recovery. These warm pools are EC2 environments that are already set up. They also employed instance diversity
techniques to reduce the likelihood of big issues happening. It meant firing up different kinds of instances-
including g4dn.xlarge and p3.2xlarge-across different Availability Zones. We got the needed processing
horsepower from AWS Spot Fleet and mixed-instance Auto Scaling Groups. They are groups that automatically
replace nodes that are down with nodes already up. We looked at-and watched-a lot of things to see if this idea
would help us save money.

E. Scalability as Well as Dependability Under Different Loads

This is where the system could scale up to 12 nodes in a line, but beyond that, it was not very useful since it
became too expensive for them to talk with each other. In order to measure how dependable the job was, they
looked at the success rate understood as the number of jobs completed without any help from others. Jobs with on-
demand training succeeded 98%, while jobs with spot-based training succeeded 92%. This means the dependability
went down a little; nevertheless, the saving was huge. All in all, the system demonstrated capability for heavy
workloads and dynamic resource situations. It means it is ready for training at the level of production.

7. Discussion

A. Examination of the Findings

These tests go to show that one can save a lot by using AWS Spot Instances with AutoML and distributed
training without hurting the model. The system showed that it was strong by using checkpoints and multiple
copies running. Even though the Spot Instances are naturally unstable, this would give it less likelihood of the jobs
crashing or going down. Training on Spot Instances could take longer because of interruptions, but the automated
recovery process of the system only adds a little to the total training time. Provided one can find the right balance
among cost, speed, and reliability, high-scale machine learning tasks can be done fairly without losing accuracy or
reliability.

The great thing about Spot Instances is that they are inexpensive. For example, researchers and professionals
can perform distributed training jobs requiring a great deal of computing power for a quarter of the cost it
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previously took. That makes it much easier to use these very powerful machine learning tools since people can
have more tries without having to spend too much money. Of course, there are good things with this, but there is
also the risk that many things will go wrong and take more time than planned. When apps need to run at specific
times, it will be more difficult for them to schedule spot instances since they aren't always available. Checkpointing
enhances this difficulty in keeping track of the state inside system architecture. Of course, Spot Instances can save
you a lot, but planning and design are also required so that your instances can handle mistakes.

B. Advantages and Drawbacks of Using Spot Instances

You will need to be extremely careful when you use automation, failover, and monitoring in a production
setting. Systems should be able to automatically find problems, begin checkpoint saves, and supply replacement
resources quickly since Spot Instance availability cannot always be guaranteed. Ensuring that it works well and is
reliable, the solution needs to interface with enterprise-level monitoring tools and alert systems. In addition, only
using Spot Instances for your production workload may be challenging for you to maintain your SLAs on uptimes
and response time. You need a hybrid infrastructure strategy that deals with both Spot Instances and On-Demand
or Reserved Instances to determine this optimal balance of cost versus reliability. Security should be integrated into
the deployment pipeline as well. For instance, data encryption should be such that only certain people can view
them.

C. Production Deployment Considerations

Future efforts could be spent making better guesses as to when things will go wrong so as to move workloads
ahead of instance shutdowns. That would reduce the incidence of downtime. Machine learning models can
examine the historical changes in price and availability of Spot Instances to adjust how advanced scheduling and
resource allocation work. Hybrid methods automatically adjust the mix of Spot and On-Demand instances based
on real-world cost and availability data. This will further improve things and further reduce costs. It is also
possible to add custom controllers for preemptible resources to container orchestrators like Kubernetes. That
would further enhance automation and scalability. You could also investigate other cloud providers and multi-
cloud strategies for possible cost savings with increased resilience. Finally, basic research into training methods
tolerant of interruptions without checkpointing can make Spot Instances more viable for more applications.

D. Possible Enhancements

This work presents an overall architecture for effectively building machine learning models by using
AutoML, distributed training, and AWS Spot Instances. The proposed algorithm can handle the challenge of Spot
Instance heterogeneity because it has automatic orchestration, strong checkpointing, and a great number of diverse
instances. Lab tests showed that costs can be reduced as high as 85% with no compromise on the model quality or
on the training time. In tests, it is shown that for big machine learning jobs, automation, fault tolerance in design,
and pre-emptive cloud computing resources can be used.

8. Conclusion and Future Work

A. An Overview of the Results

Our results show that using different instance fleets in different availability zones makes problems less likely
to happen. If you want AutoML orchestration to work well, you should check the training state often and keep a
control plane on stable On-Demand or Reserved Instances. You should always pay attention to notifications about
interruptions and do automated recovery tasks to keep downtime to a minimum. You can add AutoML
frameworks that support distributed training to search for models and change hyperparameters at the same time.
It also makes better use of resources. You can also monitor the performance and costs of infrastructure on
dashboards, thereby ensuring smooth operations and paving the way for changes when you need it.

B. The Best Ways to Use AutoML with AWS Spot

Our research demonstrates that there is a need to use different instance fleets in different availability zones,
frequent check-in to persist the state of training, and having a control plane on stable On-Demand or Reserved
Instances to manage the orchestration of AutoML. You should use automation to reduce the time for recovery
processes and pay due attention to alerts that signal issues. Adding AutoML frameworks that will enable training
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models on multiple machines, one can use resource-efficient parallel model search and tuning. Cost and
performance dashboards are transparent and allow comparisons over time.

C. Ideas for Continuing This Work

This Work Going Future research may study ways to let the functionality run across multiple clouds. That
would prevent vendor lock-in and leverage price differences between Azure, Google Cloud, and AWS. If you can
also include schedulers leveraging reinforcement learning autonomously to choose and grant Spot Instances based
on the system's load and likelihood of having issues, that may further drive down the cost. Using spots could gain
more improvements if training algorithms that handle errors gracefully and reduce the cost of checkpoints can be
found. Furthermore, if the entire automated machine learning process can also do other AutoML tasks such as
model deployment and inclusion of additional data, that would make it a more effective and efficient use of
resources.
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